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ABSTRACT These days, physical human-robot interaction (pHRI) of social robots has received a lot of
attention. This paper proposes a method for variable admittance control (VAC) based pHRI to enable social
robots to perform various social gestures. The proposed method includes several schemes. Firstly, a scheme
to adjust the robot’s damping is proposed, which takes into account the external torques exerted by the user
and the robot’s pose to control movement speed, reflecting the workspaces of both the human and the robot.
Secondly, a scheme to change the joint stiffness is proposed, considering the reference angle and the external
forces from the user to generate active motions for cooperative pHRI. Additionally, a scheme to change the
robot reference point is proposed, which adjusts based on the user’s external forces and the robot’s posture for
pHRI in various situations. The proposed methods are implemented with a dual-arm social robot. To realize
pHRI based on the proposed schemes, a generalized momentum-based disturbance observer, one of the
sensorless disturbance observers, is employed to estimate the exerted torque. To verify the performance of
the proposed methods, experiments are carried out for handshaking and hugging.

INDEX TERMS Physical human–robot interaction, social robots, variable admittance control.

I. INTRODUCTION
These days, there is a growing interest in physical
human-robot interaction (pHRI) to support people, and it has
been applied in various fields, including industries, services,
education, and healthcare [1], [2], [3], [4]. Specially, pHRI
plays an important role in the field of social robots, which
are designed to support people in an interpersonal manner
to achieve social or emotional goals [5], through physical
contacts that are important in social interaction [3], [4]. For
this reason, many studies to realize the pHRI of social robots
have been carried out [6], [7], [8], [9], [10]. Some of these
studies have proposed methods based on predefined trajecto-
ries and models, such as central pattern generators (CPG),
to generate social interaction motions, such as hugging or
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handshaking of robots [11], [12], [13]. However, these kinds
of methods are specialized for one kind of motion pattern,
making it challenging to adapt to various situations. To over-
come this problem and realize pHRI, studies for pHRI based
on the user’s external force have been carried out. Admittance
control, which is a position-based impedance control, has
been employed as one of the force-based approaches for
pHRI. [14], [6].

The admittance control scheme has been commonly
applied to realize pHRI because it can be adapted to
position-control based robots and is robust to uncertainty
in the robot dynamics [15]. To realize pHRI in various
situations, motion generation according to human inten-
tions and tasks is necessary, and various methods based
on variable admittance control (VAC), which change admit-
tance parameters according to the environment, have been
proposed. One of the proposed schemes is the analytic
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model-based method. Yusuke proposed a minimum jerk
model to estimate human motion [16], and analytical models
based on the estimated stiffness of the human arm were
also proposed [17], [18], [19]. Using the analytical model-
based schemes, the admittance parameters could be adjusted
according to the user’s motion. However, the drawback of
these methods is the requirement of a predefined analytic
model, which is heavily influenced by the uncertainties
of the simplified models [20]. To address the problem of
model uncertainties, methods based on learning were pro-
posed [21], [22], [23]. However, these methods require a
significant amount of training data, which can be inconve-
nient to collect and implement for various behaviors [24].

To address the problems and generate various motions for
social interaction, such as handshaking and hugging, this
paper proposes a motion generation method based on vari-
able admittance control (VAC). In social interaction between
humans and robots, it is necessary to generate motion accord-
ing to the operator’s intention [14] and consider the range
of motion of human joints to create human-like motion [4].
Additionally, active motion of the social robot is needed for
the social interaction of both participants, i.e. human and the
robot [25]. In order to meet the needs for pHRI of social
robots and realize the motion, this paper proposes a method
based on variable admittance parameters designed through
the following schemes. Firstly, a scheme to change damping
at the robot based on the user’s external torques and the
motion of the robot is proposed to adjust the robot’s move-
ment speed according to the user’s intention while reflecting
themovable range of a human and robot, simultaneously. Sec-
ondly, a variable joint stiffness is proposed to generate active
motions for cooperative pHRI based on the reference point
and the external torques exerted by the user. Additionally,
a scheme is proposed to change the reference point based
on the external torques to generate interaction motion for
different situations.

Generally, admittance control-based methods require force
sensors to measure external forces. However, using sensors
for pHRI has several drawbacks, such as increased joint
design complexity, limited performance, and higher manu-
facturing costs [26]. To address this issue, several studies
have proposed solutions, including the use of a general-
ized momentum (GM)-based disturbance observer [27], [28].
In this paper, a GM-based disturbance observer is employed
to estimate human external torque without additional torque
sensors, and the estimated torque is used to generate motions
for pHRI. The proposed method is validated by performing
social gestures, such as handshaking and hugging, in various
situations. The key contributions made by this paper are:

1) A VAC-based method is proposed to generate pHRI
motions for the various social gestures.

2) It was demonstrated that the VAC-based method was
realized to the social robot called EveR6 without addi-
tional torque sensors based on a GM-based disturbance
observer.

FIGURE 1. EVer6.

3) The proposed methods were validated through experi-
ments where social gestures such as handshaking and
hugging were successfully performed in various situa-
tions.

The remainder of this paper is organized as follows.
Section II introduces the dual-arm social robot called
EveR6, and Section III explains how to apply the sensor-
less disturbance observer based on GM. Section IV explains
the proposed method for VAC-based motion generation.
In Section V, the performance of the proposed method
is measured, and its effectiveness is demonstrated through
experiments. Finally, Section VI presents the conclusions.

II. MODEL DESCRIPTION
In this paper, the proposed method is realized using a
dual-arm social robot named EveR6, which was developed
by the Korea Institute of Industrial Technology (KITECH).
EveR6 was designed based on a female body size, with a
body width of 350 mm and a total arm length of 0.7 m as
shown in Fig. 1. The robot has two arms with a symmetrical
structure, and each arm has 6 degree-of-freedom (DOF),
where zi denotes the rotation direction of the ith joint.
The proposed methods are implemented using selected

joints that are primarily utilized by the robot to perform social
gestures. Assuming that n joints are used to realize the social
gestures, the dynamic model of the robot can be described as
follows:

τ = M (q)q̈+ C(q, q̇)q̇+ G(q) + τf + τext , (1)

where q ∈ Rn is the joint angle andM (q) ∈ Rn×n is the inertia
matrix, C(q, q̇) ∈ Rn×n is the joint torque due to Coriolis
and centrifugal effects, G(q) ∈ Rn and τext ∈ Rn denote the
joint torque due to gravity and external torque, respectively.
τf ∈ Rn denotes joint torque by friction, which is expressed
based on the Coulomb and viscous friction model, which is
used for parameter identification problems [30], [31]:

τf = µvq̇+ µcsign(q̇), (2)
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where µv is the viscous friction coefficient and µc is the
coulomb friction coefficient. By substituting eq. (2) to eq. (1),
the dynamic model is expressed as

τ = M (q)q̈+ C(q, q̇)q̇+ G(q) + τext + µvq̇+ µcsign(q̇).

(3)

The implemented disturbance observer uses the dynamic
model to estimate external forces without requiring additional
sensors. The details of this observer are explained in the next
section.

III. SENSORLESS DISTURBANCE OBSERVER BASED ON
GENERALIZED MOMENTUM
A. PARAMETER IDENTIFICATION
In order to estimate the external torque exerted by the user
based on the dynamic model without additional torque sen-
sor, information about the dynamic parameters of the robot,
such as its weight, length, and position of the mass center
of each link, is needed. For identification of the dynamic
parameters, in this paper, the dynamic model is expressed
as a parameter estimation problem using linear observation
models [31], [32], [33]. The dynamic model of the robot,
eq. (3), is rewritten in the form of a linear regression as:

τ = Y (q, q̇, q̈)φs, (4)

where Y (q, q̇, q̈) is the regression matrix of a nonlinear func-
tion of joint position, velocity, and acceleration vectors. φs
denotes the inertial parameters of the dynamic model, and it
can be estimated through identification procedures. Firstly,
the data of τ , q, and q̇ are measured at multiple points
along an excitation trajectory. When a sufficient amount of
data according to the excitation trajectory is available in the
time interval, t = kT (k = 1, 2, . . . ,N ), the dimensional
regression equation is constructed as follows

τ̂ = Ŷ (q, q̇, q̈)φs, (5)

where

τ̂ = [τ (T ), τ (2T ), · · · , τ (NT )]T ,

Ŷ (q, q̇, q̈) = [Y (T ),Y (2T ), · · · ,Y (NT )]T ,

T denotes the step-time interval. The motor torque, i.e. τ , can
be obtained by measuring the current feedback of the motor
driver and using the torque coefficient of the motors:

τ = NmKmIm, (6)

where Nm, Im, and Km denote the gear ratio of each joint,
feedback current, and torque coefficient of the motors,
respectively.

From the measured data, the estimation problem is for-
mulated. Typically, the problem is solved using the least
squares method. However, the obtained solution has many
possibilities that satisfy the minimum norm solution, and this
may not satisfy physical feasibility, such as the requirement
for positive mass and inertia [33]. In this paper, to solve the
problem and estimate the parameters while maintaining their

TABLE 1. Motion range and frequency for the identification.

TABLE 2. The parameters for the excitation trajectories. (N = 5).

physical feasibility, a parameter identification method based
on a constrained quadratic problem is employed, as follows:

min
φs

||τ̂ − Ŷ (q, q̇, q̈)φs||2, (7)

subject to

φ
s
< φs < φs,

where φ
s
and φs respectively denote the upper and lower

boundaries of the dynamic parameters, which are calculated
based on the CAD data of the robot and measured mass of
each link of the robot.

For effective estimation of the robot’s dynamic parameters,
an appropriate excitation trajectory is required. In this paper,
the excitation trajectories, which are finite sum of harmonic
sine and cosine functions [31], are applied as follows:

qi(t) =

N∑
l=1

al
ωf l

sin(ωf lt) −
bl
ωf l

cos(ωf lt) + qi0, (8)

q̇i(t) =

N∑
l=1

al cos(ωf lt) + bl sin(ωf lt), (9)

q̈i(t) =

N∑
l=1

ωf l(bl cos(ωf lt) − al sin(ωf lt)), (10)

where qi, q̇i, and q̈i respectively denote the angle, angular
velocity, and angular acceleration for the ith joint of the robot;
ωf and qi0 denote the fundamental frequency and the offset
angle of the ith joint, respectively. The amplitudes of the
cosine and sine functions are determined by the parameters
al and bl , which were selected by considering the actuation
range of the ith joint. In this paper, the excitation trajectories
are generated for the first, second, and fourth joints, which are
mainly used for the robot to perform social gestures, such as
handshaking and hugging. The parameters are determined by
considering the robot’s workspace and driving range during
the social gestures, where the amplitude of the trajectories is
designed to be equal because the driving range of the joints
is the same. The parameters for the excitation trajectories are
summarized in Tables 1 and 2.

The data for identification is collected with the excitation
trajectories, assuming that there are no external torques, i.e.
τext = 0, and parameter identification is carried out based
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FIGURE 2. Comparison between measured and estimated torque of joints.

on the collected data. Fig. 2 shows motor torques that are
calculated with the measured data, i.e. Im, and estimated
torques that are calculated based on eq. (1) with the identified
parameters. The estimated torques are similar to themeasured
torques, and the total root mean square error between the
measured and estimated torques is 0.697, as shown in Fig. 2.
These results confirm that the robot’s dynamic parameters
have been successfully identified.

By applying the estimated dynamic parameters to eq. (3),
the external torque, i.e. τext , can be computed. However, the
angular acceleration, i.e. q̈, which is obtained by differen-
tiating the measured joint angle, i.e. q, and joint velocity,
i.e. q̇, can include amplified measurement noise, and this
can negatively impact the performance of the disturbance
observer. In order to mitigate this problem, in this paper,
a GM-based disturbance observer is applied.

B. DISTURBANCE OBSERVER BASED ON GENERALIZED
MOMENTUM
The GM based disturbance observer was proposed to avoid
the problems of traditional methods such as noise caused by
the computation of joint accelerations or the inversion of the
inertia matrix [29]. The GM of the robot can be expressed as:

p = M (q)q̇ ∈ Rn, (11)

and thus

ṗ = M (q)q̈+ Ṁ (q)q̇. (12)

By substituting (12) into (1), the equation can be expressed
as

ṗ = Ṁ (q)q̇− C(q, q̇)q̇− G(q) − τf + τ − τext . (13)

With skew-symmetry property of M (q), i.e. Ṁ (q) =

C(q, q̇)+CT (q, q̇), the equation can be expressed as follows:

ṗ = τ̄ − τf − τext , (14)

where

τ̄ = CT (q, q̇)q̇− G(q) + τ.

From eq. (14), the dynamic model can be expressed without
joint acceleration and inversion of the inertia matrix. The
observer according to the GM is defined:

˙̂p = τ̄ − τf − L(p− p̂), (15)

where p can be calculated based on the estimated dynamic
parameters and measured q and q̇. Then, the external force,
i.e. τ̂ext , can be expressed:

τ̂ext = L(p− p̂), (16)

where L ∈ Rn×n is the positive gain of observer. By using the
disturbance observer based on GM, external torque of each
joint is estimated with feedback current and angle from the
motor driver and encoder without additional torque sensors.
In this paper, the estimated torque is utilized to generate
motion for pHRI by applying it to VAC. The proposed
schemes of VAC are presented in the next section.

IV. VARIABLE ADMITTANCE CONTROL FOR HUMAN
ROBOT INTERACTION
Admittance control is a control method that produces com-
pliant motion in response to external forces. The dynamic
behavior of admittance control is governed by the admittance
parameters, namely mass, damping, and stiffness. Therefore,
selecting the appropriate admittance parameters based on
the user’s intent is crucial for pHRI. In this paper, a VAC-
based method is proposed for generating motion in social
interactions with humans. When applying admittance control
to m joints, the VAC model is designed in the joint space as
follows.

M ¨̃
θ + Bv

˙̃
θ + Kvθ̃ = τ̃ext , (17)

where

θ̃ = θd − θm,

τ̃ext = τd − τext ,

θd ∈ Rm and θm ∈ Rm denote reference and modified trajec-
tories, respectively;M , Bv, and Kv denotem×m symmetrical
positive definite matrices, which mean admittance parame-
ters, i.e. mass, damper, and stiffness, respectively; τd ∈ Rm

and τext ∈ Rm denote desired and actual external torques,
respectively. In this paper, the variable damping and stiffness,
i.e. Bv and Kv, are applied to reflect the user’s intention. From
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eq. (17), themodified acceleration with respect to the external
torques are obtained as follows.

θ̈m = θ̈d +M−1(Kvθ̃ + Bv
˙̃
θ − τ̃ext ). (18)

Based on the acceleration, the modified trajectories, θm, are
calculated by integrating the modified acceleration.

In order to achieve effective pHRI with social robots, the
robot’s motion needs to be generated in accordance with the
user’s intent [14]. Moreover, in order to generate human-like
motion, the motion range of human joints needs to be taken
into account [4]. Additionally, generating active motions that
align with the user’s intention is essential for cooperative
social interaction [25]. To address these requirements and
enable effective pHRI, this paper proposes schemes for VAC.
The methods for determining each admittance parameter are
described in the subsequent section.

A. VARIABLE DAMPING
The damping parameter plays a significant role in determin-
ing the robot’s dynamic characteristics. When the robot is
moving slowly or coming to a stop, a high damping value
allows for smooth motion with a slow velocity response to
the external torque. Conversely, if the robot needs to move
quickly or change direction promptly in response to the exter-
nal torque exerted by the user, a lower damping value is
required. To account for both cases, the damping parameter
is adjusted based on the external torque as follows

Bv =


αBs, if |τ̂ext | < τmin

α(Bs − △B), if τmin < |τ̂ext | < τmin

αBf , if |τ̂ext | > τmax

(19)

where

△B =
Bs − Bf

|τmax − τmin|
(|τ̂ext | − τmin),

α denotes the switching coefficient used to reflect the motion
range of both humans and the robot; Bs and Bf represent
the damping values for slow and fast velocity responses,
respectively, based on the external torque applied; τmax and
τmin denote the upper and lower boundaries of the external
torque. Fig. 3 describes the proposed external torque based
variable damping. When the operator intends to perform a
fine movement or stop, the damping parameter is set to a high
value since the applied torque by the operator is small, and the
motion speedmay be low. Conversely, if the operator wants to
accelerate or change the robot’s direction, the applied torque
by the operator is increased, and the robot is accelerated as
the damping value is reduced.

It is important for robots to generate human-like behavior
in social interactions with humans [4]. Additionally, when
generating trajectories, it is necessary to consider the robot’s
workspace to avoid any collisions or accidents that may occur
if contact between joints occurs during motion. To address
this problem, the damping is adjusted to reflect the range of
motion of both humans and robots simultaneously. In order to

FIGURE 3. Variable damping according to an external torque.

FIGURE 4. α according to the robot motion.

reflect the motion range, the damping coefficient α in eq. (19)
is designed as follows:

α = 1 + βsign(τ̂ext )(θ−θ̄ ), (20)

where

θ̄ =

{
θu, if τ̂ext > 0
θl, if τ̂ext < 0

β denotes a constant value that determines the changing rate
of α according to joint angle; θu and θl denote the upper
and lower boundaries of the motion range, respectively Fig. 4
shows that α varies according to the angle of the robot. In the
available motion range, i.e., θl < θ < θu, α is a small
value, and the trajectory is generated according to the external
force. On the other hand, when the trajectory of each joint of
the robot deviates from the movable range of both humans
and the robot, i.e., θ > θu or θ < θl , α is dramatically
increased. The damping is increasedwith α, and the trajectory
is not modified by the external torque exerted by the user.
By using this method, the damping is adjusted based on the
user’s intention while simultaneously taking into account the
motion range of both humans and the robot during motion
generation.

B. VARIABLE STIFFNESS
Typically, pHRI-based methods in industrial fields generate
passive compliant motion of a robot according to a human’s
motion in cooperative tasks. However, in the case of a social
robot, active motion for social interaction between partici-
pants, i.e., humans and the robot, is needed [25]. For active
interaction, methods to generate the reference trajectory for
handshaking and modify the trajectory with admittance con-
trol were proposed [14], [34]. However, to implement various
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FIGURE 5. Schematic of variable spring.

behaviors using these methods, predefined trajectories for
each behavior are required.

To address the need for active motions in social robot
interactions and enable various social gestures, this paper pro-
poses a variable stiffness approach that classifies the user’s
intention based on the error between the reference and real
angles, θ̃ , and the external torque exerted by the user. The
variable stiffness is expressed as follows:

Kv =

{
Ka, if sign(θ̃ · τ̂ext ) ≥ 0
Kc, if sign(θ̃ · τ̂ext ) < 0

(21)

where Ka and Kc respectively represent the joint stiffness for
active and compliant motions of the robot. The active motion
of the robot is generated based on the variable stiffness and
θ̃ . When the direction of the active motion of the robot, i.e.,
the direction of θ̃ , aligns with the direction of the external
torques, i.e., sign(θ̃ · τ̂ext ) ≥ 0 as shown in Fig. 5(a), it is
assumed that the direction of the active motion of the robot is
the same as the direction of the user’s intended motion, and
the active motion of the robot is generated based on the large
stiffness, Ka, and θ̃ . Conversely, when the direction of θ̃ is
not aligned with the direction of the user’s external torque,
as shown in Fig. 5(b), the small stiffness Kc is employed,
and the robot generates compliance motion in response to the
external torque exerted by the user.

In this paper, the reference point is used to classify the
user’s intention and generate the active motion of the social
robot. However, when the reference point is fixed, it becomes
challenging to respond to various situations. If the reference
point is not appropriate for the user’s situation, such as their
posture, body size, etc., it can lead to large external torques
that disturb the user’s motion. In order to address the problem,
in this paper, a variable reference point is proposed:

θd = θ0 + γt

∫
τ̂extdt, (22)

where θ0 and γt denote initial reference point and adjust-
ing ratio according to τext , respectively. When the reference
point does not match the user’s situation, the external torques
exerted by the user increase, and the reference point is
adapted based on the external torques. By using the adjusted

FIGURE 6. A block diagram for the proposed control loop.

FIGURE 7. System diagram of EveR6.

reference point, active motion is generated to reflect various
situations using the variable stiffness.

Fig. 6 shows the overall block diagram of the proposed
methods. Control parameters of the proposed methods and
the target angles of the robot, θ0, are determined, and they are
applied to proposed VAC schemes to generate the motions for
the social gestures, θm. During the motion, if contact occurs
between the human and robot, the external torques, denoted
by τ̂ext , are estimated using the disturbance observer based on
the motor torque and actual angle of each joint, i.e., τ and θ .
The estimated torques are then used to modify the trajectories
based on the proposed schemes for pHRI. Finally, the robot
follows the motion generated based on the position controller.

V. PERFORMANCE VALIDATION
A. SYSTEM CONFIGURATION
To demonstrate the effectiveness and evaluate the perfor-
mance of the proposed methods, experiments were conducted
using the dual-arm robot, EveR6, to realize the social ges-
tures. The system configuration of the EveR6 is described in
Fig. 7.

The proposed method is implemented on an embedded
computer (Intel, NUC6i3SYK), with a control loop sampling
time of 10 ms. Actual joint angles of the robot are measured
by encoders (Maxon, Encoder 16 EASY) at each joint. The
measured values of actual angles and currents are acquired
from aBLDCdriver (Maxon, EPOS4), and they are sent to the
high-level controller, which is the embedded computer. In the
high-level controller, trajectories are generated for each task,
and the control commands to follow the trajectories are com-
puted in the motor driver, which is the low-level controller,
and sent to the commercial BLDC motors of each joint. Each
joint of the robot is driven by the motors with a harmonic
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TABLE 3. The motor specifications of the Ever6.

gear, and the specifications of each motor are summarized
in Table 3. When contact occurs between the user and the
robot during motion, the external torques are estimated using
the GM-based disturbance observer with measured actual
angles and currents. The proposed VAC schemes modify the
trajectories based on the estimated external torques, and the
robot follows the modified trajectories.

The parameters of the admittance control are determined
based on the response of a second-order system. To determine
the admittance parameters, it is assumed that the admittance
coefficients remain constant under specific conditions, such
as |τ̂ext | < τmin or |τ̂ext | > τmin. The model of each joint in
eq. (17) is expressed in the Laplace domain [15]:

2(s)
T (s)

=
m

s2 + (bv/m)s+ (kv/m)

≜
b0

s2 + 2ζω2
ns+ ω2

n
, (23)

where ωn and ζ denote natural frequency and damping ratio
of the system, respectively. In this paper, the model of each
joint was designed as a critically damped or overdamped
system to prevent overshoot. The condition for determining
the stiffness and mass of the model is obtained by

ζ =
bv

2
√
mkv

≥ 1. (24)

Taking the robot’s specifications into account, the damping
values, i.e. Bf and Bs, were determined approximately based
on the speed of each joint relative to the torques, τmin and
τmax . The mass was selected such that the settling time is less
than 0.5 s. The stiffness for compliant motion, i.e. Kc, was
designed to be 0, while the stiffness of each joint for active
motion, Ka, was determined based on eq. (24). All the control
parameters were finally fine-tuned through experimentation.

B. EVALUATION OF VARIABLE DAMPING ACCORDING TO
MOTION RANGE
Before conducting experiments on social gestures, experi-
ments were performed to investigate the effect of variable
damping on the robot’s workspace. For these experiments,
the motion range of the fourth joint, i.e., θu and θl from
eq. (19), were assumed to be θu = 100 degrees and θl =

30 degrees. External torque estimation andmotion generation
for the fourth joint were performed based on the proposed
method. The control parameters for these experiments were
determined as follows: β = 3.5, M = 0.05, Bs = 2.0,
Bf = 0.5, and the stiffness for activemotionwere not applied.

FIGURE 8. Experiment environment to show the effect of the switching
coefficient.

FIGURE 9. Result of the experiments about a variable damping to reflect
workspace.

FIGURE 10. Experiment for handshaking.

In this experiment, the operator held the robot’s arm and
moved it up and down, as shown in Fig. 8. The experiment
was conducted in two cases: with α and without α.
The results shown in Fig. 9 demonstrated the impact of

applying α on the motion generation of the robot. When
the α of eq. (19) was not applied, the motion according
to the external torque was generated even at the upper and
lower boundaries, as shown in Fig. 9(a). On the other hand,
when the α was applied, the motion was not generated near
the upper and lower boundaries, as shown in Fig. 9(b).
From the results, it was confirmed that the proposed α

reflects the workspaces of humans and the robot in motion
generation.
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TABLE 4. Control parameters for hand shaking.

C. EXPERIMENT FOR THE SOCIAL GESTURE:
HANDSHAKING
To demonstrate the effectiveness of proposed methods for
pHRI in social interaction with humans, experiments to
implement handshaking, one of the social gestures, were
carried out. The scenario for the handshaking was designed
as follows. Firstly, the robot moved to the initial pose for
handshaking. Then, the user took the hand of the robot as
shown in Fig. 10, and moved the hand up and down for hand-
shaking. Through the motion of the human, external torques
were generated, and the motion of the robot for the handshake
was generated based on the proposed methods. Table 4 shows
the initial angle of each joint and control parameters for the
proposed VAC. The value of β used to calculate α was the
same as in previous experiments. The external torques for the
two joints of the robot that were mainly used for handshaking,
i.e. the first and fourth joints, were estimated, and the pHRI
motion for handshakingwas generated based on the estimated
torques.

Fig. 11(a) shows the estimated external torques. The user’s
motion results in external torques, and it was shown that
the external torque exhibits a repetitive shape based on the
user’s motion. Based on the estimated torques, the motions
for handshaking were generated with the proposed methods.
Fig. 11(b) shows reference angles and modified trajectories
based on proposedmethods. The reference angles of the robot
were modified according to the external torques, and applied
to generate the motion for handshaking. The joint angles of
the robot were modified based on the reference angles and the
estimated torques, and the motion showed a repetitive pattern
like handshaking.

Fig. 12 shows phase plots depicting the angular displace-
ment and velocity of key joints. The figure confirms that the
joint motions remained within a certain range and exhibited
patterns that are similar to a circular one. From Fig. 11(b)
and 12, it was demonstrated that the joint motions were
effectively controlled, resulting in a stable handshake using
the proposed method.

Additional experiments for handshaking were carried out
in two cases to demonstrate the effectiveness of the vari-
able reference angle: changing the pose during handshaking,
as shown in Fig. 13, with a variable reference angle, and
changing the pose of the human with a constant reference
angle. The experiments were conducted using the same sce-
nario as the previous experiment.

FIGURE 11. Experimental results in handshaking.

FIGURE 12. Phase plot of joint motions during handshaking.

FIGURE 13. Experiment for handshaking with lowering his hand.

Fig. 14 shows the results of experiment with variable
reference angles when the posture was changed. When the
posture was changed, the external torques also changed
according to the posture, and the variable reference angle
was changed, as shown in Fig. 14(a). Based on the changed
variable reference angles, the robot’s angles were modified
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FIGURE 14. Experimental results in handshaking with a variable
reference angle.

according to the changed pose: θ1 = 7.83 degrees and θ4 =

40.69 degrees.
Fig. 15 shows the results of experiment without variable

reference when the pose was changed. The external torque
changed according to the posture, but the reference angle was
not changed. For this reason, the angles were modified in a
similar range of the case without posture change as shown
in Fig. 15(a). Since the reference angles of the robot were
not adjusted to match the posture, the external torques were
relatively larger than the case with the variable reference
angle, as shown in Fig. 15(b). Comparing Fig. 14 with 15,
it was demonstrated that the proposed methods can generate
handshaking motions in various situations, even without pre-
defined trajectories, by applying variable reference angles.

Fig. 16 shows phase plots depicting the angular displace-
ment and velocity of key joints during handshaking with a
pose change. In Fig. 16(a) and. 16(c), the joint motions before
the pose change remained within a certain range, and after
the pose change, the joint motions exhibited patterns that are
similar to a circular one within a different specified range as
shown in Fig. 16(b) and 16(d). From Fig. 14 and 16, it was
shown that the joint motions were well controlled, and stable
handshaking motions were generated based on the proposed
methods.

FIGURE 15. Experimental results in handshaking with a fixed reference
angle.

FIGURE 16. Phase plot of joint motions during handshaking with
changing pose.

Based on the experimental results of handshaking, it has
been confirmed that the proposed VAC-based methods suc-
cessfully generate pHRI motions for the social gesture of
handshaking by utilizing the user’s external torques estimated
with the sensorless disturbance observer.
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FIGURE 17. Experiment environment for hugging.

TABLE 5. Initial and final angles of the joints during hugging.

TABLE 6. Control parameters for hugging.

D. EXPERIMENT FOR THE SOCIAL GESTURE: HUGGING
To demonstrate that the proposed schemes can generate var-
ious social gestures, beyond handshaking, experiments to
implement hugging were conducted. The initial and final
postures of the robot were determined to generate the hugging
motion, as shown in Fig. 17(a), and the distance between the
chest and arm of the robot at the final posture was 100 mm.
The angles of each joint at the initial and final postures are
summarized in Table 5. In this experiment, the second and
fourth joints of each armwere primarily used to hug, as shown
in Fig. 17(b). The external torques of the two joints were
estimated, and the pHRI motion for hugging was generated
based on the proposed methods. The control parameters for
hugging are summarized in Table 6, and the value of β used
to calculate α was the same as in previous experiments.

FIGURE 18. Experimental results in hugging the first target.

The robot moved from the initial posture to the final pos-
ture for hugging, and contact between the robot’s arm and the
human occurred when the person was positioned between the
arm and chest of the robot. The external torques were caused
by the contact between the human and the robot, and they
were estimated by the sensorless disturbance observer. The
estimated torques were applied to the proposed methods, and
the motions for the social gesture of hugging were generated.
To demonstrate that hugging with people of different body
sizes is possible using the proposed method, experiments
for hugging were conducted with two mannequins of dif-
ferent sizes. In the first case, the experiment of hugging
was conducted with the first target, whose body width was
about 500 mm, and in the second case, the experiment was
conducted with the second target, whose body width was
about 300 mm.

The results of the hugging experiment in the first case are
shown in Fig. 18. External torques were caused by contact
with the target, and they were estimated based on the distur-
bance observer as shown in Fig. 18(a). The estimated torques
were used to generate the motion for the pHRI, and the
interaction motions were generated as shown in Fig. 18(b).
Based on the external torques, the reference angles of the
second and fourth joints, i.e., θd2 and θd4, were adjusted to
74.57 degrees and 43.49 degrees, respectively. The angles of
the joints were modified based on the external torques and
variable reference angles. The angles of the fourth joints of
each armwere notmodifiedmuch, while the angles of the sec-
ond joints were modified by external torques to 38.49 degrees
and 45.07 degrees.

The results of the hugging experiment with the second
target were shown in Fig. 19. The external torques that
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FIGURE 19. Experimental results in hugging the 2nd target.

FIGURE 20. Comparison between experimental results according to the
targets in Cartesian coordinate.

occurred during hugging were estimated based on the distur-
bance observer as shown in Fig. 19(a), and the pHRI motion
for hugging was generated based on the estimated torques
as shown in Fig. 19(b). Based on the external torques, the
reference angles of the second and fourth joints, i.e., θd2
and θd4, were adjusted to 74.78 degrees and 35.24 degrees,
respectively. The angles of the joints were modified accord-
ing to the external torques and variable reference angles to
33.24 degrees and 31.29 degrees, respectively, which was a
less modified value than in the first case.

Fig. 20 shows the results of the experiments for hugging
with two targets in Cartesian coordinate. When a target was
present, the robot’s motion was modified based on the pro-
posed methods, and it was demonstrated that the angles were
modified more when the target was larger. These results con-
firmed that the motions for hugging as well as handshaking

can be realized based on the proposed methods. Moreover,
Fig. 20 shows that the pHRI motions for hugging according
to the various body sizes can be generated.

VI. CONCLUSION
In this paper, VAC based methods for pHRI were proposed,
which were implemented with a dual-arm social robot called
EveR6. To realize the proposed methods for pHRI without
additional sensors, a GM-based disturbance observer was
employed, and the external torque was estimated based on the
disturbance observer. To generate the motion for pHRI based
on the estimated torque, firstly, a variable damping according
to the external torques and the motion of the robot was pro-
posed to adjust the robot’s movement speed while reflecting
the movable range of a human and the robot simultaneously.
Secondly, a variable stiffness according to the reference angle
is proposed to generate active motions for cooperative pHRI.
Additionally, a variable reference angle is proposed, which is
adjusted to generate interaction motion according to different
situations.

To verify the performance of the proposed methods, exper-
iments were conducted. Using the GM-based disturbance
observer, the external torques exerted by the user were esti-
mated in these experiments, and it was confirmed that the
pHRI motions for the social robot were generated based on
the estimated torques and the proposed methods. Through
experiments to show the effect of α, it was confirmed that the
movable ranges of humans and the robot were simultaneously
reflected in motion generation. Moreover, experiments for
handshaking and hugging demonstrated that pHRI motions
for the social gestures were generated according to the user’s
intention based on the proposed variable damping and spring
parameters. Additionally, it was shown that pHRI motions in
various situations, such as changing pose and size of the tar-
get, were generated based on the proposed variable reference
angle without predefined trajectories for each situation.

In the near future, additional studies will be carried out
to evaluate how the generated social gesture are human-like
through experiments with various people.
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